Ohno-Wang hardening model is an advanced constitutive model to evaluate the cyclic plasticity behaviour of material. This model has capability to simulate uniaxial and biaxial ratcheting response of the material. But, it is required to determine large number of material parameters from several experimental responses in order to simulate this phenomenon. Material parameters for constitutive models are generally determined manually through trial and error approach which is tedious and less accurate. Due to arbitrariness and complexity of cyclic loading, advanced constitutive material models become non-linear and multimodal in functional and parameter space. To overcome this problem, an automated parameter optimisation approach using genetic algorithm has been proposed in the present work to identify Ohno-Wang material parameters of 304LN, stainless steel for uniaxial simulation. Optimisation by this approach has improved the model prediction in uniaxial low cycle and ratcheting fatigue simulations after comparison with the experimental response.
Introduction
An important aspect for the design of structural components is the fatigue life estimation when the component is subjected to cyclic loading. SS304LN stainless steel material is used in pressurised heavy water reactors of nuclear power plants. Here, asymmetrical cyclic loading occurs in the plastic range during seismic events and due to variation in operating loads and conditions. The presence of internal pressure leads to the permanent accumulation of plastic strain in the fluctuating loading cycles. This phenomenon is described as ratcheting which can result in premature damage of elbows and thinning out of the cross-sectional areas and local bulging of the pressurised pipes. Ratcheting phenomenon which is defined as the cyclic accumulation of plastic strain under non-symmetric stress controlled cycles is still considered as one of the most critical structural problems to be simulated. Ratcheting generally depends on the material characteristics, loading conditions and loading history. The isotropic and kinematic hardening theories are used to describe the cyclic plastic behaviours of the material. The simulation of ratcheting phenomenon is primarily related to the kinematic hardening model. Many advanced constitutive models have been developed to simulate the cyclic and time independent behaviours of the material. Armstrong and Frederick (1966) , Abdel Ohno (2000a, 2000b) , Bari and Hassan (2000 , Chaboche (1986a) , Chaboche et al. (1979) , Chaboche and Rousselier (1986b, 1986c) , Ohno and Wang (1991 , 1993 , 1994 , Ohno (1998) , Yoshida (2000) , Yoshida and Uemori (2002) , Ellyin and Xia (1989) , Trampczynski and Mroz (1992) , Haupt and Kamlah (1995) , Jiang and Sehitoglu (1996) , Kobayashi and Ohno (2002) , Khutia et al. (2013) and many others developed improved constitutive models for representing cyclic non-linear responses including ratcheting.
Theoretical analysis using these advanced models requires large number of material parameters, many of which do not have well defined physical meaning. Hence, some of these parameters are determined through a trial and error approach using several experimental responses of the material after performing strain and stress controlled laboratory experiments. Due to highly non-linear characteristics of these models sometimes it becomes complex and tedious task to optimise some of the material parameters through manual parameter determination approach. This might leads to the erroneous results from the analysis. In addition to this, manual parameter determination of advanced plasticity model requires thorough knowledge of the model and previous experience with its parameter determination methods. These are some reasons behind the restricted usage of advanced cyclic plasticity models for structural analysis and design in commercial applications. This problem could be reduced through developing an automated parameter determination and optimisation scheme using heuristic search technique, e.g., genetic algorithm (GA). Goldberg (1989) , Goldberg and Deb (1991) , Goldberg et al. (1992) , Carroll (1996) , Ishikawa and Sasaki (1988) , Feng and Yang (2001) , Furukawa and Hoffman (2004) , Gray et al. (1998) , Nanakorn and Meesomklin (2001) , Mahmoudi et al. (2011) , have used GA and neural network to identify material parameters for constitutive equations. GA is a stochastic search procedure which randomly generates an array of initial parameter sets and gradually produces better sets using iterative search technique. This finally yields to the best parameter sets for the given fitness criterion.
The present study is conducted to improve the ratcheting prediction of uniaxial loading. Here, micro-genetic algorithm (μGA) optimisation scheme is used to accurately predict the hysteresis loop and ratcheting of 304LN stainless steel. Initially, the experimental hysteresis loop data is used to determine the decomposed parameters of Ohno-Wang (OW) kinematic hardening model by employing this optimisation method. The fitness function is used to identify the material parameters for best simulation of the hysteresis loop in low cycle fatigue analysis. The second fitness function is employed to optimise material parameters for better prediction of uniaxial ratcheting. The optimised material parameters are used to simulate the ratcheting characteristics of 304LN using OW kinematic hardening model and compared with the experimental results.
Modelling of material behaviour and constitutive equations
Classical plasticity theories are assumed to be rate independent and isotropic in the simple constitutive framework. The formulation is based on three fundamental concepts:
Yield criterion
Initial yield condition determines whether plastic deformation will occur or not. Generally, von-Mises criterion is used:
where symbol f represents the yield surface, σ is defined as the stress tensor and α is the back stress tensor representing centre of the yield surface, s is the deviatoric stress tensor, a is the current yield surface centre in deviatoric stress space and σ 0 is the yield stress in tension.
Plastic flow rule
The magnitude and direction of plastic strain increment is derived from the flow rule. For many stable materials, the flow rule is associative, i.e., plastic flow function and yield function coincide. The associated flow rule states that the direction of plastic strain increment ( ) n is outward normal to the yield surface at loading point. E p is the plastic modulus, p ε is the rate of plastic strain increment, ds is the deviatoric stress increment and f represents the yield function.
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Hardening rule
Hardening rule determines the change that occurs in the yield surface due to plastic deformation. During this process, yield surface can change in shape (distortion of yield surface), size (isotropic hardening) and centre location (kinematic hardening) as a result of the deformation. Kinematic hardening rule indicates the evolution of yield surface during plastic loading increment by translation of the yield surface centre, i.e., the back stress in the deviatoric stress space.
( )
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Experimental studies specify that cyclic hardening or softening tend to cease after certain number of cycles and size of yield surface stabilises (Ishikawa and Sasaki, 1988) . But ratcheting can persist even after the material stabilises. Thus, kinematic hardening is considered to be the primary reason for ratcheting and isotropic hardening is believed to influence the change in rate of ratcheting during initial cycles. In the present work, modifications of kinematic, isotropic and cyclic hardening are implemented and compared with the responses based on the existing hardening models. Ohno and Wang (1991 , 1993 , 1994 introduced the concept of critical state of dynamic recovery on each back stress component based on plastic strain increment. This rule is composed of several kinematic hardening rules having M number of back stress components, which are described as,
Ohno-Wang kinematic hardening rule
where ( )
H stands for the Heaviside step function
are the material parameters for strain hardening
are the material parameters for dynamic recovery
da is the increment of back stress tensor components.
Here, each decomposed hardening rule simulates a linear hardening with a slope C (i) until it reaches the critical value, r (i) , after which it does not evolve at all. This model divides the uniaxial stress strain curve into many individual linear segments. If sufficient numbers of segments are chosen, the simulations can closely match with the experimentally determined hysteresis loops. Similar to linear kinematic hardening model, this multilinear model predicts close-loop hysteresis under asymmetric stress controlled loading cycles and the result does not resemble uniaxial ratcheting. To avoid this limitation, Ohno and Wang (1993) introduce a slight non-linearity for each rule at the transition from linear hardening to the stabilised critical state as follows: , (i = 1, 2 ,3, …, M) are additional material constants. Here non-linearities prevent the stress-controlled hysteresis loops from closing and develop uniaxial ratcheting in the loading cycles. This model can simulate the ratcheting better than the Armstrong-Frederick (Armstrong and Frederick, 1966) model. It is demonstrated by Bari and Hassan (2000) , that the stress-strain hysteresis loop produced by Armstrong-Frederick model deviates significantly from the experiment and the ratcheting strain is also over predicted. Armstrong-Frederick model simulates the same ratcheting loops for all cycles and thus, produces a constant ratcheting rate. The overall ratcheting simulation by the Ohno and Wang (1991 , 1993 , 1994 , the value of the recall term in equation (8) tends to be zero. Hence, the strain hardening is approximately linear. The non-linear term of equation (8) Ohno and Wang (1994) replaced the plastic strain increment with the accumulated plastic strain increment in the dynamic recovery as follows:
f a da C dε γ a dp r
dp is the equivalent plastic strain increment. When, m (i) → 0, equation (9) reduces to Armstrong and Frederick rule and over predicts uniaxial and multiaxial ratcheting significantly. Experimental ratcheting can be correlated by adjusting the material constant m (i) in this model.
Cyclic plasticity experiments of 304LN material
In this experiment, 304LN austenitic stainless steel specimens are used in strain controlled LCF test and stress controlled ratcheting fatigue test. Chemical composition (in % wt) of this material is: C 0.03%, Ni 8.17%, Si 0.65%, P 0.034%, S 0.02%, N 0.08%, Cu 0.29% and Mo 0.26%. Tensile test is carried out as per standard, ASTM E 8M-03. The schematic of standard tensile and fatigue specimen are shown in Figure 1 . Mechanical properties of this steel are listed in Table 1 ( Paul et al., 2011) . The monotonic stress strain plot from the tensile test is shown in Figure 2 . Uniaxial cyclic plasticity fatigue experiments have been performed with cylindrical specimens of 7 mm gauge diameter and 13 mm gauge length which are fabricated from the 304LN stainless steel pipe of outer diameter 340 mm and 25 mm wall thickness with loading axis parallel to the pipe axis. The universal testing machine of (INSTRON 8862) with 100 KN close loop servo hydraulic test system has been used to conduct the LCF and ratcheting fatigue tests as per standard, ASTM E606. The schematic of the universal testing machine is shown in Figure 3 . The test temperature is ambient (28°C). A 12.5 mm gauge extensometer is used for measuring and controlling the strain in the specimen. All strain controlled LCF experiments are conducted using triangular waveform at a constant strain rate of 0.001 per second. Stress controlled ratcheting tests are performed at constant stress rate of 50 MPa per second using similar waveform. The strain controlled LCF tests are performed with symmetric tension compression cycles with specified strain limits, i.e., ±0.2%, ±0.5%, ±0.77%, ±1.0%, ±1.2%, ±1.4%, ±1.6%, ±1.8%, ±2.0%. The test results for LCF test are shown in Figure 4 . The material 304LN stainless steel is an austenitic stainless steel which is unstable upon monotonic or cyclic deformation and it exhibits transformation of austenite to martensite. The initial cyclic hardening portion of this steel is attributed due to the rapid multiplication of dislocation upon cyclic deformation. In addition to the dislocation generation, partial transformation of austenite to martensite (Das and Tarafder, 2009 ) impede smooth dislocation movement in this material. The softening is resulted from re-arrangement of the dislocation. With progressive deformation, refinement of dislocation generates finer dislocation cell (Gaudin and Feaugas, 2004) . Therefore, the original grain structure is divided into a number of sub-cells, which confines the dislocation movement. This indicates that the cyclic deformation and the hardening or softening behaviour depends upon the microstructural constituents and their interaction during the deformation event. Therefore, this material shows a different combination of initial hardening followed by softening under low cycle fatigue loading cycles with different strain amplitudes. Each linear segment represented by a decomposed kinematic hardening rule. As initial stage past yielding, the centre of the yield surface moves fast with small change in plastic strain, initial five segments are taken in small range of the plastic strain. Both stable and initial hysteresis loops obtained from the LCF test of ±1.6% strain amplitude are used for calculation of material constants of this model. Initial material parameters are shown in Table 2 . 
Ohno-Wang model parameters (i = 1 to 12)
Obtained from initial cycle 278, 52, 725, 42, 463, 27, 514, 15, 154, 15, 738, 8, 976, 7, 653, 4, 528, 1, 664, 522 , 1,458 500, 5, 882, 2, 667, 1, 389, 1, 015, 602, 419, 320, 213, 141, 98, 73 
Obtained from stabilised cycle 522, 55, 820, 39, 820, 86, 693, 52, 940, 30, 359, 19, 447, 10, 572, 6, 131, 3, 758, 2, 156 , 2,253 28, 749, 10, 021, 5, 721, 3, 032, 1, 360, 755, 503, 292, 203, 125, 90, 76 
Cyclic yield is found from the initial linear segment of the LCF hysteresis loop by offset method. The hysteresis loading curve (σ -ε p ) is divided into 12 segments. The corresponding kinematic hardening parameters (C (1) to C (12) and γ (1) to γ (12) ) are determined by the following equations as described by Bari and Hassan (2000) and Jiang and Sehitoglu (1996) .
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The parameters C (1) and C (12) are determined from the following expression
where i = 1 to 12 and ( )
p i i x ε σ are the points on the loading curve of LCF hysteresis loop, σ cy is the cyclic yield stress and σ r is the stress range. A sufficient number of back stress components (Figure 8 ) are selected to provide good correlation with the shape of cyclic stress strain hysteresis loop. Many studies have indicated that eight segments are adequate for such purpose (Ohno and Wang, 1994; Ohno, 1998) . In the present model, 12 segments are considered to provide a good correlation for the shape of cyclic stress strain hysteresis loop. The ratcheting parameter (m (1) to m (12) ) are assumed to be same for all segments in OW model and they are determined from uniaxial ratcheting experiments.
Material parameter optimisation using GA
GA is a machine learning method that has mechanisms derived from Darwinian's principle 'survival of the fittest'. In the present optimisation, 25 number of material parameters are considered for optimisation, material parameters C (i) are 12 numbers, γ (i) are 12 numbers and m (i) is considered as single parameter since (m (1) to m (12) ) are considered as same for all segments of OW model. The flow chart for GA is shown in Figure 9 . The first step involves population generation by random pairing. An initial population is created based on the random selection of the parameters in the parameter space. Each parameter set consists of chromosomes of individuals. They are assigned a 'fitness' based on how well they perform in the environment. In the present study, fitness of each population has been determined from the simulation result. Genetic operators such as scaling, selection, mutation and crossover are applied to find the best children from parent population. The genetic operators are adjusted to the present problem of optimisation of material parameters to simulate the cyclic plastic material behaviour of 304LN stainless steel. 
Parameter initialisation and population generation
The initial populations for the material parameters have been initialised in the chosen domains. The boundaries of the domains are decided based on numerous initial simulations to check material's cyclic plastic behaviour inside the selected domains. The selection scheme used is the tournament selection with a shuffling technique for choosing random mating pairs. The initial populations are generated from a random selection of these parameters inside their specified domains. The random populations are created using random number generator with a large random seed.
Fitness function
The initial parameters estimated are used to perform the simulations to predict material behaviour and identify the optimum set of parameters. The essence of this method is to find the global minimum in the difference between numerical and experimental results of stress strain, etc. In this work fitness value is determined from reciprocal of root mean square deviation of the experiment and simulation stress strain characteristics as follows ( )
where Y exp,i and Y sim,i represent the experimental and simulation responses respectively. The response can be characterised by the stress strain data point for hysteresis curve for low cycle fatigue simulation or ratcheting strain and number of cycles for ratcheting simulation. N is total number of experiments and M is the total number of data points in i th experiment. A weight factor w ij is introduced to ensure equal contribution from each type of experimental data in spite of different number of data points in each experiment. The fitness function for this constrained optimisation is proposed in such a way that the fitness function is minimised. Material parameters for OW kinematic hardening model, i.e., C
, γ
, m (i) are optimised using LCF cyclic stress strain experimental response of the material 304LN stainless steel. The initial and stabilised cycle data points from the experiment and simulation are used to calculate the fitness function. Penalty functions are introduced in each stage of the constrained optimisation for hysteresis loop. Penalty on fitness functions are applied when the parameter set violates the maximum stress and plastic modulus constraints. In this case, linear penalty is added to the fitness function based on the amount of deviation of the constraints. Experimental results of various stress levels or strain ranges are used in the fitness function of this GA scheme.
Binary coding
There are two parameter coding schemes, i.e., floating point and binary coding. In binary coding the parameters are discretised into number of possibilities and chromosome length is based on the total number of possibilities in a binary format, e.g., 32 possibilities would be represented by a string of five 0's and 1's and the parameter length is 5. During crossover operation with binary coding, the crossover point may exist in the middle of one of the parameter strings. This can allow the child to have a parameter string that is a mix of the parent's parameter strings and the child may have an allele (parameter value) between the two alleles of the parents. In binary coding, more alleles are preserved as new generations are created.
Selection
In the present study, binary tournament selection operation strategy is used. Random pairs are selected from the population in this method of selection. The process is continued until all parameters of an individual set have undergone the selection operation once and better half of the population is selected. The binary selection process is repeated on the population so that selected individual is checked twice on the basis of the selection criteria. The selection process assures that the individuals having better fitness get copied in the next generation. Figure 10 illustrates the example of a tournament selection from the population of six individual parameter set. Here random pairs are made for set 1. One is with set 6 and another is with set 4. The stronger of the pair set 1, set 6 is selected as set 1 and again set1 is selected for the pair set 1, set 4. 
Crossover
In the crossover operation new strings are created by exchanging information among strings of the mating pool. In the present work uniform crossover operator is used in the analysis as shown in Figure 11 . Any combination of chromosomes from two parents can be possible in this method of crossover. In current study, the probability of crossover occurring at each chromosome position is provided as 0.6. Randomly, two individuals are selected and their chromosomes are exchanged to generate two offspring in between two parents. Here, arithmetic crossover is done to generate offspring from two parents using the arithmetic equation as given below.
The parameter λ is a random number between 0 and 1. The above equation calculates a new value bracketing ( ) j i x and ( ) .
This calculation is performed for each variable in the string. This crossover has a uniform probability of creating a point inside the region bounded by two parents. With some random probability, parameters can also be generated outside these two parents but within the parameter range. 
Mutation
In this process, offspring are arranged as long strings and parameters on the string are randomly changed within the range through global search as illustrated in Figure 12 . Therefore, the mutation operator gets rid of local optimum. The mutation operator changes 1 to 0 and vice versa with small mutation probability. In present study jump mutation and creep mutation operators are used. In jump mutation there is small probability that one or more of the child chromosomes are subjected to mutation process. Jump mutation produces a chromosome that is randomly picked within the range of the appropriate parameter. Here the parameter can jump from one side of the range to another. The probability of jump mutation for each chromosome is set as inverse of population size. In creep mutation the parameter is also randomly picked but it can creep one increment up or down from the parent. The probability of creep mutation is also same as jump mutation. In the present study mutation rate of 10% is specified. Higher mutation rate gives better initial convergence but may not have good convergence effect at the end, whereas smaller percentage of mutation works better for convergence to optimum value from beginning to end. 
Elitism
This operator is used to ensure that the chromosome set of the best parent generated in each successive step is reproduced. The fitness values of the newly generated offspring obtained after selection, crossover and mutation operations are determined. This operator checks if the best parent has been replicated. During this operation, the fitness value of the elite individual from the current generation is compared to that of the elite from the previous generation and the better one is saved as elite. When the elite set of the previous generation is better than the elite set of the current generation, the elite set from previous generation is mapped into the worst individual of the current generation. This process ensures the survival of the best parameter set through generations. This operator can prevent the random loss of good chromosome strings. The elite set is checked against the termination criteria to be determined if an acceptable individual (optimised parameter set) is achieved yet. If not, the search continues with selection, crossover, and mutation for generating better offspring following the steps in Figure 9 .
Micro-genetic algorithm
The µGA is basically a 'small population' GA that operates on the principles of natural selection or 'survival of the fittest' to evolve the best potential solution. In contrast to the classical simple genetic algorithm (SGA), which requires a large number of individuals in each population (i.e., 30-200), the µGA uses a μ-population of five individuals (Krishnakumar, 1989) . This is very convenient for the present study of cyclic plasticity simulations, which generally requires a large amount of computational time to simulate high number of low cycle or ratcheting fatigue solutions. Simulation of a single load case takes about 1 hour in a standard recent configuration of the computer. It requires at least ten trial and error simulations on average to finalise the optimum set of the material parameters. Especially, finding out the optimised value of ratcheting parameter m (i) requires a number of iterations. The use of μGA has considerably reduced the time of this manual trial and error optimisation method. This optimisation scheme requires only one analysis to derive the final set of optimised parameters. Moreover, solution of GA problem becomes much faster due to micro-population. Here, five numbers of individuals are initially selected for the GA optimisation in the current study. This solution needs only an hour of time resulting in reduction of approximately 9 hours of computational time for optimisation. This feature significantly reduces the amount of elapsed time required to achieve the most-fit solution for the current study.
The μGA can be outlined in the following way:
a A μ-population of five designs are randomly generated.
b The fitness of each design is determined from simulations and comparing with the experimental results.
c The fittest or elitist individual is carried to the next generation.
d The parents of the remaining four individuals are determined using a tournament selection strategy. In this strategy, designs are paired randomly and adjacent pairs compete to become parents of the remaining four individuals in the following generation (Krishnakumar, 1989 ).
e Convergence of the μ-population is checked. If the population is converged, the operator goes to step A, keeping the best individual and generating the other four randomly. If the population has not converged, the process goes to step B.
Comparison of the numerical solutions and the experimental results
GA is the stochastic optimisation method that requires suitable bounds for the parameters. The initial material parameters are determined from the experimental LCF 1st cyclic stress strain curve for initial cycle and stabilised stress strain curve for stabilised cycle and ratcheting hysteresis loop for ratcheting simulation. The range of these parameters, i.e., C (2) to C (12) and γ (1) to γ (12) are considered as ±10% for GA optimisation. Only C (1) is varied by ±25%. Ratcheting parameter m (i) is varied in wider range of ±75% to incorporate higher variation of ratcheting rate in various mean and amplitude levels of applied loadings. Optimisation is carried out with in-house developed code. The optimised material parameters obtained from GA optimisation after 50 generations are shown in Table 3 for the initial LCF cycle and stabilised LCF cycle. Table 4 lists the GA parameters that produce best solution for the present problem. The fitness function defined in Section 5.2, has been calculated to minimise the difference between the predicted and experimental results during optimising process of the material parameters. Finite element analysis of the specimen has been carried out in commercial FE program ABAQUS 10 FEA software, the uniaxial specimen is modelled as an axisymmetric as shown in Figure 13 . The specimen is meshed with mapped meshing with ABAQUS, CAX8R 8-noded bi-quadratic, reduced integration element. The nodes at the middle plane of the specimen are constrained with z-symmetric boundary condition and r-symmetric boundary condition is applied in the centreline nodes of the specimen as illustrated in Figure 13 . Uniform tensile and compressive loads or displacements are applied at the nodes of the top surface with experimental variation in amplitudes. The material properties used in this analysis are obtained from Tables 1, 2 and 3. The in house built code of Ohno Wang model is integrated with ABAQUS software through user defined material subroutine, UMAT and user defined amplitude subroutine, UAMP. Non-linear cyclic plastic static structural analysis has been performed to evaluate low cycle and ratcheting fatigue characteristics of the specimen with 304LN stainless material. Cyclic plasticity model is validated by comparing the simulated and experimental results for symmetric strain controlled cycles and asymmetric stress controlled cycles with initial and optimised parameters. 
Table 3
Optimised parameters for OW model after GA
Ohno-Wang model parameters (i = 1 to 12)
Obtained from initial cycle from GA optimisation 65,792, 50,231, 38,791, 25,167, 14,019, 16,772, 8,083, 8,214, 4,194, 1,499, 503, 1,333 γ (i) = 16,732, 6,204, 2,697, 1,353, 914, 626, 362, 333, 192, 120, 93, 61 
Obtained from stabilised cycle from GA optimisation 63,177, 50,304, 37,191, 75,969, 37,019, 22,901, 16,878, 12,456, 5,027, 4,851, 2,132, 2,275 γ (i) = 33,048, 10,430, 6,929, 3,247, 946, 750, 526, 301, 195, 202, 80, 95 Table 4 GA parameters selected for optimisation of material constants for OW model
Genetic algorithm parameters Value
Number of individuals 5
Number of generations 50
Crossover type Uniform crossover Crossover rate 0.5
Mutation operator Jump and creep mutation
Jump mutation rate 0.02 Table 4 GA parameters selected for optimisation of material constants for OW model (continued)
Genetic algorithm parameters Value
Creep mutation rate 0.01
Selection strategy Binary tournament selection
Length of individual chromosome 8
Eliticism On
Number of variables 25
The simulated results using the initial and optimised material parameters are compared with those obtained experimentally. Figure 14 shows the comparison of experimental result and simulation results of cyclic stress strain curve for 1st LCF cycle with ±1.6% strain amplitude. The simulation with initial parameters cannot precisely match the initial and end slopes of the curve. The measured deviation between simulated OW model and experimental stress amplitudes are 35 MPa as shown in Figure 14 . The elastoplastic transition region is not well simulated with the initial parameters. The correlation is better in case of the simulation with GA optimised parameters (Table 3) as shown in Figure 14 . The difference in maximum stress amplitudes between experiment and simulation are almost negligible and the transition elastoplastic zone is predicted well with optimised material parameters. Therefore, the amount of plastic strain energy per cycle is estimated less compared to the experiment with initial parameter set before optimisation. There is a considerable improvement of cyclic hysteresis loop in correlation with the experiment in this strain range. However, simulation result with Chaboche model with parameters shown in Table 5 , demonstrates the similar deviation as shown in Figure 14 . Similarly, the simulation result for the stabilised LCF cycle for ±1.6% strain range with GA optimised parameters (Table 3) shows more accurate prediction of LCF hysteresis loop compared to the simulation with initial parameters as shown in Figure 15 . The measured difference of stress amplitude is 18 MPa with the initial estimated parameters of OW model. The deviation is almost negligible with the optimised parameter set and elastoplastic transition is accurately simulated with the optimised parameters from GA by applying OW model. In Chaboche model, the predicted stress in transient is higher than the experimental stress value and the end slope of the hysteresis loop is considerably higher leading to higher peak stress (40 MPa) estimation for Chaboche model as compared to the experiment. The optimised parameter set obtained from GA optimisation at ±1.6% strain ranges are applied in other strain range. Simulations with optimised parameters for ±1.2% strain range has shown better correlation with the experiment as compared to the simulations by initial parameters as shown in Figure 16 . The measured deviation of stress amplitude between experimental and OW model simulation with initial parameters at this strain range is 50 MPa which is higher than the observed deviation of 20 MPa in case of the simulation with optimised parameters. This observation illustrates that although the optimisation is not performed at ±1.2% strain range, the GA optimised parameters of ±1.6% strain range still demonstrates improved simulation in ±1.2% strain range in low cycle fatigue test. The deviation is more in case of the simulation with Chaboche model. The difference of stress amplitude between simulation with Chaboche model and the experiment is 80 MPa. (Table 2) deviates considerably from the experimental results in the low level of mean stress and stress amplitude and over-predicts to a high extent at higher mean stress and stress amplitude. In both loading schemes of ratcheting simulations based on Ohno Wang model, it can be observed that the GA optimised material parameters (Table 3) can predict the ratcheting mechanism with more accuracy compared to the initial set of parameters (Figures 17 and 18 ). The transient ratcheting rate at the initial cycles are better correlated with the experiments from simulations performed with optimised parameters using OW material model. From Figure 17 , it is evident that the Chaboche model is predicting ratcheting strain better than OW model for mean stress of 120 MPa and stress amplitude 420 MPa. But this model cannot predict the transient ratcheting strain accumulation in lower range of mean stresses. There is a considerable deviation of ratcheting rate using this simulation model of Chaboche when compared with the experiments. The ratcheting results from simulation by Chaboche model at different ranges of stresses amplitudes are not able to correlate with the experiments as good as the OW model which is observed in Figure 18 . 
Conclusions
Determination of material parameters of OW kinematic hardening model with GA provides improved simulation results for both low cycle and ratcheting fatigue loading cycles. The adequate genetic operator in GA calculation procedure has facilitated the fast and reliable convergence of the optimisation scheme. It is observed that in all cases that simulation results are always on the better side by applying GA, though amount of improvement cannot be controlled. This is because GA follows the basis theory of evolution to get better offspring.
The μGA used in the present study is suitable for complex and time consuming numerical simulation since it can reduce the computational time considerably because of the micro-population. Since the ratcheting phenomenon involves non-linear equations and complicated manual parameter determination from several experimental responses, GA stochastic optimisation is a suitable scheme in such applications. This results in improvement in the prediction of ratcheting rate at the transient cycles.
The optimised parameters obtained from stress controlled tests of constant mean stress, results in improved simulation in other stress ranges. Each parameter of OW kinematic hardening model has great influence in the characterisation of cyclic plastic behaviour of 304LN material. The bounds of each parameter have significant effect on the final optimised set of material parameters. Low cycle fatigue and ratcheting fatigue simulation using Chaboche model cannot correlate well with the experimental results and the results using OW model shows improved prediction compared to the Chaboche model.
